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Dominic GrünAbstract
Differentiation of multipotent stem cells is controlled by the intri-
cate regulatory interactions of thousands of genes. It remains
one of the major challenges to understand how nature has
designed such robust and reproducible regulatory mechanisms.
Knowing the detailed structure of the underlying lineage trees is
the basis for investigating the molecular control of this process.
The recent availability of large-scale sensitive single-cell RNA-
seq protocols has enabled the generation of snapshot data
covering the entire spectrum of cell states in a system of interest.
Consequently, a large number of computational methods for the
reconstruction of cellular differentiation trajectories have been
developed. Here, I will provide a detailed overview of the con-
cepts and ideasbehind someof thesealgorithmsanddiscuss the
particular aspects addressed by each method.
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The emergence and maintenance of a complex multi-
cellular organism requires a multitude of cellular dif-
ferentiation decisions. These have to be executed with
spatial and temporal precision in order to ensure that
the appropriate number of cells of each type is produced
in a tissue at any developmental stage. Given the
stochasticity of the molecular processes underlying the
interactions of thousands of genes in each cell, it is
remarkable that stem cell differentiation is extremely
robust and reproducible, always giving rise to the same
complex organismal architecture even under highlywww.sciencedirect.comvariable external conditions [1e4]. It is one of the major
goals of contemporary molecular biology to decipher the
cellular processes underlying stem cell differentiation
[5e7]. Although scientists have explored stem cell dif-
ferentiation in great detail for decades, e.g. the early
embryonic development of mammals [8] or the devel-
opment and the homeostasis of the immune systems
[6], fundamental aspects of cell fate decisions in these
and other systems remain to be elucidated.
The recent establishment of a number of advanced single-
cell RNA-sequencing protocols [9e18] for the large-scale
analysis of single-cell transcriptomes [19e23] has begun
to reveal unprecedented insight into the heterogeneity of
organs and tissues and spawned the endeavor to charac-
terize every cell type in the human body [24]. Seminal
studies have resolved cell types in a variety of tissues,
including lung [25], brain [26], skin [27], intestine [28]
and bone marrow [29]. One of the main goals is to un-
derstand the process by which mature cell types are
generated from multipotent cells during development or
tissue homeostasis in the adult organism, requiring the
inference of cellular differentiation trajectories. It comes
as a major disadvantage of single-cell RNA-seq that the
tissue has to be dissociated at a particular point in time
and cells are lysed during the process and cells are lysed
during the process, prohibiting the direct inference of
ancestral relations between cells at distinct stages of dif-
ferentiation. Although cutting-edge multiplexed lineage-
tracing techniques utilizing CRISPR/Cas9 [30e33],
recombination-based approaches [34,35] or lentiviral
barcoding [36] allow the indirect inference of this infor-
mation, these methods are challenging to establish,
depend on the availability of cell type-specific inducible
markers, and are limited in resolution.
As a common alternative approach, pseudo-temporal
ordering permits the inference of differentiation tra-
jectories from single-cell RNA-seq snapshot data of a
given tissue. Here, cells are ordered by transcriptome
similarity on a continuous trajectory or on a branched
structure representing a lineage tree. Such methods
assume continuity of transcriptome changes during
differentiation and rely on the presence of all interme-
diate stages connecting the stem cell to the mature cell
types in the sample. Since transcript numbers change
continuously upon receiving an activation or repression
signal, the assumption of continuous changes inCurrent Opinion in Systems Biology 2018, 11:9–17
10 Development and differentiationtranscriptome space is a reasonable one. However, the
presence of all intermediates is much more critical and
depends on the differentiation dynamics. Short-lived
differentiation stages might be rare and thus be absent
from the sample due to cell drop-outs. Related to this,
single-cell RNA-seq suffers from substantial technical
variability of transcript levels [37,38], making it very
challenging to infer a pseudo-temporal ordering. Given
sufficient coverage of all intermediate stages, a number
of computational methods have been developed which
permit the inference of intricate lineage trees from
complex snapshot samples comprising single-cell tran-
scriptomes of distinct progenitor stages across multiple
different lineages.Inference of differentiation trajectories by
tree-based methods
Over the years a number of studies have applied
fundamentally different strategies for the derivation of










Computational approaches to the inference of differentiation trajectories
high-dimensional gene expression matrix indicating the transcript level of eac
manifold in high-dimensional space. Cell fate transitions during differentiation fo
algorithms utilize related strategies. In many cases, the manifold is projected
reduction algorithms. An initial clustering step is incorporated in many algorith
jectories from the raw or dimensionally reduced data, with or without cluster gu
connectivity in k-nearest neighbor networks. More recent methods also apply
states.
Current Opinion in Systems Biology 2018, 11:9–17approaches of these methods are exemplified in
Figure 1. As one of the first algorithms, Monocle predicts
differentiation trajectories on a tree with a specified
number of branches of developmentally related cells
from connected paths of a minimal spanning tree
(MST) computed after reducing the dimensionality of
the data by independent component analysis [39].
MSTs are graphs that connect all vertices without any
cycles, minimizing the total edge weight. This strategy
had already been applied to flow cytometry data in the
past, and a number of dedicated algorithms for single-
cell RNA-seq trajectory inference have utilized this
approach. For multi-branched lineage trees MSTs lack
the robustness to reliably resolve branches of tran-
scriptomically similar cell types. Since cell type pre-
diction by dedicated clustering algorithms appears to be
a more reliable and less complex task compared to the
de novo inference of branched lineage trees, utilizing
clustering information helps to reduce complexity and










from single-cell RNA-seq data. The starting point of each method is a
h gene in every cell. The data points described by this matrix populate a
llow trajectories within this manifold. To predict these trajectories published
into a low dimensional space by one of many different dimensionality
ms to reduce complexity and guide trajectory inference. To derive tra-
idance, published algorithms construct minimal spanning trees or explore
(semi-) supervised strategies to learn trajectories starting from mature end
www.sciencedirect.com
Revealing routes of differentiation Grün 11Consequently, a number of algorithms derive MSTs on
groups of cells obtained by a prior clustering step. For
instance, Waterfall performs k-means clustering on the
first two components of a PCA and builds an MST on
these clusters [40]. A similar approach of cluster-guided
MST-inference is employed by the TSCAN method
[41]. Monocle 2 introduced another strategy of cluster-
guided lineage tree inference. Starting from an initial
dimensional reduction, it constructs an MSTon cluster
centroids derived by k-means and updates cell positions
by shifting towards the nearest vertices. This procedure
is iterated until it converges to a stable configuration
[42]. Slingshot [43] is the most recent algorithm within
this group of methods: it starts by building an MST
based on an arbitrary input clustering and refines tra-
jectories by fitting principal curves onto the MST
structure. This allows to freely choose methods for prior
dimensionality reduction and clustering. Due to the
secondary principal curve inference Slingshot is very
robust to the choice of the clustering method and the
cluster number. Moreover, it permits the integration of
prior knowledge by the definition of differentiation
endpoints. The StemID method identifies differentia-
tion trajectories as sequences of links between cluster
medoids, which are more populated then expected by
chance [44]. Instead of using MSTs, StemID assigns
individual cells to links by maximizing the projection
coordinate of a vector connecting a cell to the medoid of
its cluster onto the links to all other clusters. It could
correctly predict lineage tree topologies of intestinal
epithelial cells and of the hematopoietic system. Simi-
larly, the Mpath algorithm predicts multi-branched
lineage trees by first identifying landmark cell states
by clustering followed by the identification of highly
populated transitions between landmarks in order to
build a neighborhood network [45].
Cluster-guidance arguably increases robustness, but at
the same time limits the resolution of branching points.
In general, clustering methods per se are not ideal for
resolving branched structures. A notable exception is
the dedicated K-branches method, which applies local
fits of K half-lines with a common center, utilizing a
strategy akin to the K-means algorithm, and identifies
tip regions, intermediate regions and branching regions
by model selection [46]. K-branches showed excellent
performance in resolving branching regions, e.g. within
myeloid progenitor single-cell RNA-seq data [29].Decoding of differentiation trajectories by
graph-based methods
Another class of algorithms leverages the power of k-
nearest neighbor (kNN) graphs. The Wishbone algo-
rithm measures developmental distance between cells
by shortest paths within a kNN graph [47]. It initially
starts ordering cells by the distance to an early input
cell, and refines ordering by averaging distances fromwww.sciencedirect.comrandomly selected cells that act as waypoints with
weights reflecting the proximity of a cell to a waypoint.
Inconsistencies in the lengths of paths to a cell crossing
different waypoints enable the identification of bi-
furcations. An important aspect of Wishbone is the
avoidance of short circuits by applying an initial
dimensional reduction using diffusion maps, which
determine the distance between two cells by consid-
ering all possible paths connecting these cells. Wishbone
recovered the branching of myeloid and erythroid pro-
genitors in a single-cell RNA-seq data set [29]. The
SLICER algorithm [48] was designed to improve the
prediction of nonlinear differentiation trajectories by
constructing a kNN graph after performing nonlinear
dimensionality reduction using locally linear embedding
of an initial kNN graph constructed in the original space
based on an inferred set of genes with systematic vari-
ation. To identify the number and location of branches, a
metric called geodesic entropy was defined, based on
evaluating shared vertices across the collection of
shortest paths from a starting cell. The most recent al-
gorithm belonging to this group, p-Creode [49], com-
putes a kNN graph after density normalization by
downsampling and defines a graph attribute termed
closeness centrality to reveal end states. These are
defined by k-means clustering on cells with low close-
ness centrality values, and connected via path nodes in a
hierarchical manner to reconstruct the topology of the
tree. The final topology is obtained after iterative
repositioning of the path nodes to ensure that paths are
aligned with dense regions of the data. p-Creode
revealed the complex multi-lineage tree of colonic
epithelial cells and enabled the identification of a novel
pathway of tuft cell development.Dimensional reduction reveals underlying
manifold of lineage trees
Diffusion maps have become very popular as a tool for
dimensionality reduction and visualization of single-cell
RNA-seq data [47,50,51] due to their favorable robust-
ness and scalability, permitting the analysis of tens of
thousands of cells. To leverage the power of this method
for trajectory reconstruction, a metric called diffusion
pseudo-time (DPT) was developed [51]. DPT con-
volves Gaussians centered at nearby cells to construct a
weighted nearest neighbor graph. The probability of
transitioning between any two cells is then measured by
the ensemble of random walks of any lengths connecting
these cells on the graph. The method identifies
branching by a change from anti-correlation to positive
correlation between the paths connecting two distinct
cells to a third cell. The favorable robustness of DPT in
comparison to alternative methods was demonstrated on
single cell qPCR data of early blood development [52],
and large-scale single cell RNA-seq data of myeloid
progenitors [29] and embryonic stem cells [11]. The
recent MAGIC algorithm [53] exploits the weightedCurrent Opinion in Systems Biology 2018, 11:9–17
12 Development and differentiationgraph structure of diffusion maps in order to impute the
expression profile of each cell from the weighted average
of its neighbors, leading to smoothening of the data and
enhancement of cluster and trajectory structure, in
particular for single-cell RNA-seq data with high tran-
script drop-out rate, e.g. generated by droplet
microfluidics.
Dimensional reduction algorithms, such as t-SNE,
multidimensional scaling, diffusion maps, or principal
component analysis emphasize specific aspects of the
data and the resulting trajectory inference will strongly
depend on the choice of the dimensional reduction
method (Figure 2). Moreover, these methods have
limited ability to preserve complex topologies of dif-
ferentiation trajectories in the original high-dimensional
space. The scTDA method [54] was specificallyFigure 2
Dimensionality reduction affects data structure. Dimensionality reduction o
step for cell type identification and differentiation trajectory inference. Howeve
depicts single-cell transcriptome data of adult mouse bone marrow cells from
genes. The central cloud in the t-SNE map comprises multipotent progenitors
more mature populations. While the t-SNE map resolves the structure of this
phocytes and neutrophils (under-represented in this dataset) emanate from the
and erythrocytes). Classical multidimensional scaling conserves distances in t
cloud, but cannot resolve the structure of the progenitor population. The first tw
Locally linear embedding and diffusion maps reflect continuous trajectories of
populations. Reverse graph embedding by DDRTree [68] shows a similar stru
Current Opinion in Systems Biology 2018, 11:9–17developed to ameliorate this short-coming by applying
clustering of cells within the original space for cells
extracted from bins in a dimensional reduction repre-
sentation and connecting nodes of clusters with shared
cells, yielding a low-dimensional network representa-
tion. Based on gene expression patterns on this network,
i.e., common distance from a root cell and similar
expression in connected sets of cells, scTDA identifies
transient states. In particular, scTDA can reveal periodic
topological structures such as trajectories arising from
the cell cycle, which was demonstrated for in vitro dif-
ferentiation of embryonic stem cells. The cell cycle is
one example of a source of variability considered as a
confounding factor for trajectory inference. An alterna-
tive to infer circular trajectories is the removal of gene
expression variability associated with the cell cycle or
other unwanted hidden factors. For this purpose, single-f high-dimensional single-cell RNA-seq data is a common pre-processing
r, different algorithms emphasize distinct aspects of the data. The figure
Herman et al. [64]. Cell types are annotated based on specific marker
, which populate a much denser region in the original space compared to
population well and reveals how rare populations such as innate lym-
se progenitors, it separates more advanced stages from this cloud (B-cells
he original space well, connects B cells and erythrocytes to the progenitor
o principal components are only sufficient to resolve B cell differentiation.
B cell, dendritic cell, and erythrocyte differentiation, but fail to resolve rare
cture, but splits the dendritic cell trajectory into two sub-branches.
www.sciencedirect.com
Revealing routes of differentiation Grün 13cell latent variable models have been utilized [55]. In
this approach, the covariance structure of a set of genes
representing a hidden factor such as the cell cycle is
used to decompose gene expression variability into a
technical component, a component for each hidden
factor, and a residual biological component. The latter
can be used in downstream analyses, effectively elimi-
nating the variability associated with technical noise and
other hidden factors.Identifying stem cells from lineage trees
and decoding directionality of
differentiation trajectories
Once a lineage tree has been predicted from the
computational analysis of single-cell RNA-seq data, a
non-trivial challenge is the identification of the root of
the tree corresponding to a multipotent or stem cell.
While heuristic screening of the tree structure can
reveal the stem cell if prior information on stem cell
marker genes is available, unstudied systems require an
unsupervised de novo approach. A number of methods
have been developed to address this challenge. As the
first method of this kind, StemID [44] introduced a
score proportional to the number of links of a cluster of
cells to other clusters reflecting the level of multi-
potency. This number is multiplied by the tran-
scriptome entropy of the cluster. High entropy reflects a
state of more unspecific gene expression, while low
entropy indicates that the transcriptome is dominated
by a few highly expressed genes, a situation often
observed in specialized mature cell types. For instance,
erythrocytes are specialized towards the production of
hemoglobin and pancreatic beta cells dedicate most
expressed transcripts to the synthesis of insulin.
Following a similar idea, SLICE [56] computes the
functional entropy of a cell based on the expression of
genes associated with given functional annotations such
as GO terms, and reconstructs a network of stable states
represented by local minima of the entropy. After locally
grouping cells by network-based community detection
or clustering, differentiation trajectories connecting
these groups are inferred by building an MST only
permitting transitions leading from high to low entropy
states and thus yielding a lineage tree with a candidate
multipotent cell type at its root. Yet another concept of
entropy as a proxy of differentiation potency has been
employed in the SCENT method [57]. Here, the
transcriptome of a cell is integrated with a high-
confidence proteineprotein interaction network to
define a cell-specific signaling process. The core idea is
that proteins are more likely to interact if the corre-
sponding transcripts are present at larger numbers. The
entropy on the network derived from these expression-
based interaction probabilities, termed signaling en-
tropy, is expected to be high for multipotent cells,
simultaneously activating diverse pathways, and low for
specialized mature cell types. After identifying potencywww.sciencedirect.comstates by a Bayesian mixture model applied to the en-
tropy values and deriving cell states by bi-clustering in
potency-coexpression state, a lineage trajectory network
is predicted from partial correlation of cell states. The
result is a directed lineage tree with a candidate stem
cell at its root.
Another elegant strategy to infer directionality of dif-
ferentiation trajectories and identify root and end states
relies on the estimation of transcriptome velocity [58].
RNA velocity estimates the rate and direction of
expression change for each gene from relative read
counts of spliced versus unspliced transcripts, in
essence modeling the lifecycle of a transcript, to enable
the extrapolation of the future state of a cell. Since the
timescales of an RNA lifecycle are often comparable to
the timescales of differentiation processes, the vector
field predicted as RNA velocity reflects the movement
of cells along differentiation trajectories connecting
distinct cell states and allows the identification of root
and terminal states as source and sinks of the velocity
field, respectively. The algorithm was applied to
describe fate decisions of major neural lineages in the
hippocampus.Towards a probabilistic understanding of
cell fate emergence
Most available computational methods for the inference
of lineage trees from single-cell RNA-seq data are
deterministic in their assignment of each cell to an in-
dividual branch. This view is agnostic to the probabi-
listic nature of cell fate decision, assuming that a given
progenitor state could give rise to a number of fates with
different probabilities in a stochastic manner. Poten-
tially, gene expression variability of master regulators
could be an underlying mechanism, requiring that a
random fluctuation of transcript levels crosses a given
threshold in order to drive differentiation towards a
particular fate [2,59e61]. A probabilistic modeling of
cell differentiation in general leads to a better under-
standing of the commitment process by revealing the
stages at which a progenitor looses potency for alterna-
tive fates. A beautiful example of this approach was
implemented in the GPfates algorithm [62] for
modeling the bifurcation into TH1 and TFH sub-types of
T helper cells during blood-stage Plasmodium infection
in mice. After dimensional reduction and pseudotime
inference within the Gaussian process framework,
GPfates models cell states along a trajectory branching
into multiple fates by a Gaussian Process Latent Variable
Model, i.e. an overlapping mixture of Gaussian processes
each corresponding to a distinct fate. For the studied
system, this model demonstrated the gradual bifurca-
tion into two fates.
The STEMNET algorithm [63] represents another
approach to the probabilistic analysis of lineage priming.Current Opinion in Systems Biology 2018, 11:9–17
14 Development and differentiationThis supervised method relies on prior knowledge of
terminal cell states, which can be, for example, unam-
biguously identified based on specific marker gene
expression. STEMNET predicts the fate probability of
naı¨ve multipotent cells from these mature states by a
robust elastic-net regularized general linear model.
Applied to human hematopoietic cells, this algorithm
predicts direct emergence of unilineage-restricted cells
from low-primed hematopoietic stem and progenitor
cells. Following a related strategy, the semi-supervised
FateID algorithm [64] also starts from defined end
states to learn the fate bias, i.e. the probability to
differentiate into each lineage, by random forests-based
classification. However, in contrast to STEMNET, this
algorithm maintains a dynamic training set by iteratively
moving “backward” in differentiation time from the
mature states into the naı¨ve multipotent compartment.
This strategy accounts for the activity of distinct gene
modules and regulatory pathways at sub-sequent stages
of differentiation and ensures that naı¨ve cells are not
classified based on genes only expressed at terminal
stages. The application of FateID to mouse hemato-
poietic progenitors showed that the multipotent pro-
genitor population segregates into domains with a
predominant bias towards a particular lineage. Existing
transition zones between these domains represent
oligopotent progenitor states.Using time course data to infer complex
developmental trees
With the availability of microfluidic-based high-
throughput single-cell RNA-seq it became feasible to
acquire dense time course data covering subsequent
stages of embryonic development in vertebrates. Two
studies analyzed differentiation trajectories in devel-
oping frog [65] and zebrafish [66] embryos, respectively,
by performing large-scale single-cell RNA-seq at sub-
sequent timepoints. The authors applied graph-based
analysis strategies utilizing the actual developmental
timepoint information. After identifying local neigh-
borhoods within graphs for each timepoint separately,
ancestral relations between the states represented by
these timepoint-specific neighborhoods are inferred in
the frog study: for each cell residing in a given state at a
particular timepoint, nearest neighbors are identified
within the dataset of the subsequent timepoint and
state transitions are predicted based on consensus, i.e.
based on the most frequently connected states. In the
zebrafish study, k-nearest neighbor graphs are
constructed for each timepoint and subsequently
connected based on nearest neighbor links across
timepoints, giving rise to a single graph connecting all
timepoints, amenable to formal graph-based methods.
Another similar study on zebrafish embryonic develop-
mental trajectories utilizing single-cell RNA-seq data
[67] introduces the URDmethod based on an extensionCurrent Opinion in Systems Biology 2018, 11:9–17of the diffusion map framework. URD applies simulated
diffusion on a k-nearest neighbor graph connecting cells
across all timepoints, followed by the identification of
root and tip states as starting and end points, respec-
tively, based on actual developmental time. Cells are
then ordered by developmental progress based on
simulated diffusion starting from the root. Finally,
branched lineage trajectories are inferred by simulated
biased random walks with decreasing pseudotime
starting from the tip. Cells visited on backward trajec-
tories starting from distinct tips enable the identifica-
tion of branching points.
All three strategies allow successful reconstruction of
the complex developmental lineage trees of frog and
zebrafish, respectively, and demonstrate how actual
developmental time information can be incorporated
into lineage inference algorithms.Conclusions
The challenging task of deriving differentiation trajec-
tories from single-cell RNA-seq snapshot data covering a
multi-branched lineage tree has been addressed by a
large number of methods. Although the major goal of
lineage tree inference remains the same, most methods
focus on a specific aspect, such as high-resolution anal-
ysis of branching regions [46,47], topological structure
of the data capturing highly non-linear and circular tra-
jectories [54], the prediction of stem cells [44,56,57],
velocity and directionality of differentiation [58], or the
probabilistic quantification of multi-lineage bias in in-
dividual cells [62e64]. The field will continue to
establish novel experimental methods to integrate other
relevant aspects into the analysis of cellular differenti-
ation at single-cell resolution, such as ancestral infor-
mation or spatial context. This progress will require the
development of sophisticated algorithms for the multi-
modal analysis of large-scale single-cell data. Hence,
exciting challenges lie ahead of us promising a funda-
mentally deeper understanding of the fascinating and
complex process of stem cell differentiation as a reward.Conflict of interest statement
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